organizational innovations, such as interprofessional rounding teams, intensivist staffing, and lower nurse-to-patient ratios, are associated with improved outcomes (1, 2) . At the same time, considerable growth in ICU utilization, rising therapeutic costs, and advances in medical science and technology have added significant complexity to care processes (3) (4) (5) (6) (7) . This rapidly changing healthcare landscape challenges the efficiency and sustainability of our current ICU organizational model (1) .
Because critical care is itself an organizational innovation, it stands to reason that continued organizational interventions will be necessary for the field to successfully evolve (8) . Identifying subgroups of ICU patients with similar clinical trajectories and tailoring care delivery services to meet their shared needs is one organizational intervention that may offer a more efficient approach to critical care delivery. This strategy, in which "care platforms" are organized around patient subgroups, has been proffered as the type of operational redesign necessary for the successful reform of the nation's healthcare delivery system (7) . Such an approach is related to but distinct from the creation of subspecialty ICUs, which provide diagnostic-specific care for select populations, but with mixed effects on patient outcomes (9, 10) . In contrast, care platforms are designed around patients' shared "needs" rather than shared diagnoses and can be implemented in care settings other than the ICU.
An example of this approach involves grouping hospitalized non-ICU patients into geographic areas based on similar patient characteristics, including comparable lengths of stay (LOS) and nursing skill requirements. In one pilot hospital within a large health system, such a redesign effort yielded a reduction in the percentage of low-risk patients admitted to their ICU from 42% to 22%, although simultaneously reducing their ICU LOS from 4.6 to 4.1 days (11) . This model was then implemented system wide with similar results. These findings highlight the potential improvement in the value of ICU care derived through the reorganization of critical care designed around patients with similar needs.
Despite the promise of such an approach, efforts to implement this type of reorganization across health systems have not been widely reported in the literature. This may be in part due to the lack of objective methods available to identify clinically distinct ICU patient subgroups who might benefit from shared care platforms. Therefore, we sought to develop a novel method for the empiric identification of ICU patient subgroups based on their shared needs and similar clinical trajectories. We hypothesized that clustering analysis, a form of unsupervised machine learning, would offer a unique, datadriven approach to objectively identify clinically distinct subgroups of ICU patients. These subgroups, or "clusters," could then provide a framework for the design of care platforms tailored around patients' shared needs.
MATERIALS AND METHODS

Clustering Analysis
Clustering analysis is a form of unsupervised machine learning that has been used to explore and characterize disease and patient phenotypes in multiple areas, including cancer and asthma (12) (13) (14) . Specifically, clustering analysis refers to a group of multivariate mathematical algorithms that quantify the similarity between individuals within a population on the basis of multiple specified variables. This data-driven approach generates novel subgroups that are not based on any a priori hypotheses. In other words, unsupervised machine learning methods such as clustering analysis allow data to be grouped in a way that may be useful, without the user specifying how this grouping should occur (13, 14) .
Study Sample
Study subjects were drawn from Kaiser Permanente Northern California (KPNC), an integrated healthcare delivery system serving 3.9 million members. Clinical care is managed through a comprehensive electronic health information system. We included patients 18 years old or older who experienced an ICU admission between January 1, 2012, and December 31, 2012, if their hospitalization began at any one of 21 KPNC hospitals and was not for obstetrical care. Most ICUs in the study are general mixed medical-surgical ICUs with a mean bed capacity of 16.9 beds (range, 6-34 beds). The hospitals vary from community medical centers to tertiary-care teaching hospitals; two hospitals include specialty cardiovascular surgery ICUs, whereas another two include neurosurgical ICUs. Individual ICU episodes for patients with multiple ICU admissions during the study period were considered independent. The KPNC Institutional Review Board approved this study.
Feature Extraction
Three authors with expertise in critical care (K.C.V., J.K.J., M.C.R.) selected 23 clinical features in four domains that are representative of critical care needs and could be feasibly quantified. These domains included patient characteristics (age, gender, and comorbid disease burden), hospital admission characteristics (admission source, admitting diagnosis, need for surgical or procedural intervention, severity of illness at admission, code status, and predicted hospital mortality), ICU admission characteristics (severity of illness at ICU admission, length of ICU stay, duration of mechanical ventilation, total days receiving benzodiazepines, non-benzodiazepine sedatives, opiates, vasopressors, or inotropes, and any use of continuous IV vasopressors), and discharge characteristics (hospital LOS, vital status at discharge, vital status at 30 d after hospital admission, discharge location, and hospital readmission within 30 d).
We extracted retrospective data regarding patient characteristics and utilization from KPNC membership tables and quantified hospitalization characteristics with existing inpatient databases detailed in prior studies (15) (16) (17) (18) (19) (20) . These databases are comprised of data drawn directly from the electronic medical record (EMR) and then subjected to a variety of cleaning and validation algorithms (16) (17) (18) (19) (20) (21) (22) (23) (24) (25) . Acute and chronic illness severities were based on automated scores that have been validated within the KPNC population. These scores include the following: the Laboratory and Acute Physiology Score, version 2, which uses five vital signs and 18 laboratory values to quantify severity of illness at the time of hospital admission; the Comorbidity Point Score, version 2, which evaluates all patient diagnoses from inpatient and outpatient settings over the past year; and an electronic adaptation of the Simplified Acute Physiology Score, version 3, which uses 20 variables to quantify the risk of hospital mortality within a 2-hr window surrounding ICU admission. Each score has previously exhibited excellent discrimination for predicting mortality (C-statistics ≥ 0.81) in large populations (≥ 70,000 hospitalizations) (15) (16) (17) (18) (19) (20) .
We quantified treatment data based on detailed medication administration records and mechanical ventilation flowsheets. We represented the receipt of any continuous vasopressor as a binary variable, and then calculated the total number of vasopressor days by totaling the number of ICU days during which patients received any vasopressors. We used similar procedures to quantify the total days receiving other medications included in the analysis. In order to determine the duration of invasive mechanical ventilation, we used a validated set of algorithms to identify the start and stop times for ventilation based on flowsheet data (26) . Documented limits on life-sustaining therapies were based on orders for "code status" in the EMR at the time of hospital admission, rather than specifically during or at the end of patients' ICU stays (27) .
Unsupervised Learning Approach
The goal of our clustering analysis was to algorithmically place similar patients into distinct subgroups so as to minimize within-cluster heterogeneity and maximize between-cluster separation. To manage computational time for the clustering algorithm, we selected a random sample of 5,000 ICU admissions (20.1% of total) from our initial cohort. In this sample, we used consensus clustering via R package ConsensusClusterPlus with 1,000 subsamples (28) . We compared patient and hospitalization characteristics between the random sample and the remaining cohort based on Student t tests and chisquare values. Sixteen of the 23 clinical features were used in the clustering analyses. Details of these methods are available in the supplemental data (Supplemental Digital Content 1, http://links.lww.com/CCM/C673). We included discharge data in the analyses, since our intent was to identify relevant subgroups based on care needs, rather than to build a prediction model used at point of triage. However, we intentionally withheld the use of ICU-mandated treatments (defined a priori as the use of mechanical ventilation, vasopressors, or inotropes) in order to use this information in the subsequent validation step. We also did not include admitting diagnosis as part of the clustering algorithm so that the derived clusters would reflect patients' shared needs and clinical trajectories, rather than their diagnoses. Clustering was performed in R, version 3.1.2 (R Foundation for Statistical Computing, Vienna, Austria). All analyses besides clustering were performed using STATA SE/13.1 (StataCorp, College Station, TX).
Surrogate Validation of Clusters
After selecting the optimal number of clusters, we sought to assess the validity of the putative clusters as clinically meaningful subgroups. We did this surrogate validation in three ways. First, we compared the patient and hospitalization characteristics between clusters and assessed whether these characteristics were clinically distinguishable. Second, we evaluated the distribution of ICU-mandated treatments among the putative clusters, hypothesizing that the clusters would lack validity if patients requiring these treatments appeared uniformly distributed among all clusters.
Third, we validated results by building a classifier for cluster assignment from the sample cohort of 5,000 patients and applying it to the remaining 19,884 patients of the original cohort in order to yield predictions of cluster assignment for this larger group (29) . Details of these methods are available in the supplemental data (Supplemental Digital Content 1, http:// links.lww.com/CCM/C673). The resulting validation clusters were then compared with the originally derived clusters. For each variable, we compared the training (random) and test cohorts using Wilcoxon signed-rank, analysis of variance, or chi-square tests.
RESULTS
Our initial cohort included 24,884 first ICU admissions occurring in 2012. The sample of 5,000 randomly selected ICU admissions demonstrated similar characteristics to the remainder of the cohort ( Table 1) . Although hospital mortality was statistically significantly different, mortality at 30 days along with all other variables were not significantly different. Sepsis was the most common reason for ICU admission in both the random and validation cohorts.
Clustering Analysis
Clustering analysis was implemented in our sample over a prespecified number of clusters, from 2 to 9. Based on the consensus clustering results, we chose to assess our surrogate validation measures on the putative cluster memberships with k equals to 6 clusters. The distribution of cluster membership in the random sample included the following: 1,933 observations (38.7%) in cluster 1; 622 (12.4%) in cluster 2; 1,250 (25.0%) in cluster 3; 897 (17.9%) in cluster 4; 207 (4.1%) in cluster 5; and 91 (1.8%) in cluster 6 ( Table 2 ). Variability in cluster membership across different facilities within the KPNC healthcare system is shown in Figure 1 .
The six identified clusters differed significantly in all patient and hospitalization characteristics, and exhibited highly distinct features that were clinically recognizable subgroups of ICU patients (Table 2 and Supplemental Table E1 , Supplemental Digital Content 2, http://links.lww.com/CCM/ C674). For example, cluster 1 patients included the relatively healthy ICU patients who presented through the emergency department with low comorbid disease burden and severity of illness. They had the shortest total LOS and infrequently received sedatives or opiates. All patients in cluster 1 survived hospitalization and were discharged home.
Cluster 2 patients provided a stark contrast. They represented older patients with greater comorbid disease who were admitted with catastrophic critical illness. Nearly 80% of these www.ccmjournal.org
October 2017 • Volume 45 • Number 10 patients died during their hospital stay. Cluster 3 patients were primarily those admitted for surgery or a procedure and comprised a greater proportion of those cared for at the four regional specialty hospitals that provide cardiovascular surgery and neurosurgery (Fig. 1) . This group was characterized by relatively low comorbid disease burden and severity of illness, and all of them survived their admission and were discharged home. Cluster 4 included older patients who generally survived their hospitalization but developed long-term care needs following their ICU stay reflected by the significant number (83.5%) discharged to subacute nursing facilities. Cluster 5 represented younger, previously healthy patients who suffered prolonged hospitalizations (32.3 ± 36.6 d) but overall had good recovery, with the majority of patients being discharged home. Cluster 6 consisted of elderly patients with the highest predicted in-hospital mortality (22.5% ± 19.7%), all of whom had documented limitations on life-sustaining therapies.
Surrogate Validation Measures
In addition to the significant differences noted in all patient and hospitalization characteristics across the six identified clusters, each cluster also exhibited variable needs for ICU-mandated treatments (Table 2 and Supplemental Table E1 , Supplemental Digital Content 2, http://links.lww.com/CCM/C674). For example, cluster 1 had the lowest percentage of patients requiring vasopressors (11.6%) and mechanical ventilation (12.5%), whereas cluster 5 had the highest percentage of patients requiring mechanical ventilation (65.2%). In the validation cohort of 19,884 patients, the proportion of patients assigned to each cluster was similar to the random cohort and demonstrated comparable, significant differences across clusters for all variables ( Table 3 and Supplemental Table E2 , Supplemental Digital Content 3, http://links.lww.com/CCM/C675).
DISCUSSION
As a clinical domain, critical care is a costly and relatively scarce resource (30) . Improving the value and efficiency of our critical care delivery system is important in efforts to provide high-quality care and contain growing healthcare expenditures (5, 31). However, the heterogeneity and unpredictability of critical illness have hampered easily generalizable solutions (32) (33) (34) . Fortunately, the ICU's data-rich environment is particularly suitable for the use of sophisticated machine learning methods that can yield new insight into optimizing the delivery of safe and efficient care (32) . In this study, we demonstrated that clustering analysis enabled the retrospective identification of six clinically distinguishable subgroups from a heterogeneous ICU population. Qualitatively, the clusters are as follows: cluster 1-the relatively healthy, short-stay ICU patient; cluster 2-the older patient with catastrophic critical illness; cluster 3-the postsurgical or procedural ICU patient; cluster 4-the older ICU patient discharged with long-term care needs; cluster 5-the previously healthy patient with a prolonged ICU course and good recovery; and cluster 6-the elderly patient with severe illness and documented limitations on life-sustaining therapies.
Interestingly, sepsis was the most common admitting diagnosis across multiple clusters, yet these subgroups displayed very different clinical needs and trajectories. Our results suggest that, although patients diagnosed with "sepsis" share a similar underlying condition of infection and severe inflammation, grouping them primarily by admitting diagnosis neglects important distinctions between them. In other words, patients' care needs can differ tremendously despite carrying the same diagnosis. Identifying these distinctions in care needs, and the proportion of ICU patients with similar needs, is an important precursor to future efforts to redesign the organization of ICU around care processes.
Our study also revealed important differences across patient subgroups that had similarly low hospital mortality. Specifically, the three clusters with very low hospital mortality (clusters 1, 3, and 4) in the sample and validation cohorts comprised 81.6% and 85.4% of all ICU patients, respectively. Despite this, there was striking variability between clusters. Although patients in cluster 1 all went home, for example, over 80% of those in cluster 4 were discharged to subacute nursing facilities. Here, we see that grouping ICU patients based on illness severity scores or predicted mortality can also neglect important distinctions between them.
There are relatively few studies assessing the needs of subgroups of critically ill patients across diagnoses, rather than by disease or illness severity. However, this needs-based framework could help identify opportunities to appropriately reorganize ICU resources given the heterogeneity and expense of critical care. For example, multiple studies have shown that a significant proportion of ICU admissions in the United States are for patients at low risk of dying or needing invasive therapies (35, 36) . A better understanding of these patients and their needs is fundamental in efforts to redesign our healthcare system so that we may better meet those needs outside the high fixed-cost environment of the ICU. Our study uses a machine learning approach and highly granular patient data to empirically describe ICU patient subgroups that are not adequately distinguished by traditional methods, such as diagnosis labeling or severity of illness scoring. In our study, cluster 1 patients may be a potential target for care redesign efforts, since this cluster contained the greatest proportion of patients who were at low risk of dying or needing invasive therapies, and who survived hospitalization and were discharged home. Similarly, empirically identifying patient subgroups with documented limitations on life-sustaining therapies but who end up in the ICU (e.g., cluster 4) may lead to further research and insights about deficiencies in our current system that lead to the unwanted receipt of critical care. Once these subgroups are identified and their needs better defined, hospital care delivery processes could be optimized to better meet their needs outside the ICU, improving both the value and efficiency of critical care using an objective, datadriven approach.
Our study has important limitations. First, we used data collected from ICU patients' hospitalizations, including at the time of discharge, in order to retrospectively identify subgroups of ICU patients through clustering analysis. This method is not meant to serve as a predictive model for patients who may or may not need ICU admission, nor is it intended to support triage decisions at the point of care for individual patients. Instead, we view our study as hypothesis generating, as we attempt to find novel approaches that will allow us to provide optimal, timely care through the design of care platforms tailored around patients' shared needs.
Second, the study is based on an unsupervised learning approach, which is prone to biases in certain circumstances (e.g., when there are perturbations in the data or when there are outliers that are forced into a specific cluster membership). Furthermore, our validation was performed in a heldout test set, not in a truly independent sample. Thus, further validation will be needed in different populations over time. Finally, the provision and use of ICU care are laden with complex patient, provider, facility, and societal issues that defy easy categorization. Although our findings are useful for informing new design models for ICU care, they may not capture other important factors in triage decision-making or operational design.
CONCLUSIONS
Clustering analysis successfully identified six distinct, clinically recognizable subgroups of ICU patients which may represent potential opportunity for care redesign efforts. Our study demonstrates how unsupervised learning methods may offer a novel, data-driven approach to objectively identify ICU patient subgroups with similar clinical trajectories and provide a framework for organizational innovations in ICU care tailored around patients' shared needs.
